Understanding the spatiotemporal variability of seasonal extreme precipitation and its linkage with climate patterns is of great importance for water resource management over the Yangtze River Basin. Hence, this study examined the spatiotemporal variability of seasonal extreme precipitation through the archetypal analysis (AA), by which observations were decomposed and characterized as several extreme modes. Six archetypes were identified and can obviously exhibit the features of events with above average or below average precipitation. Summer precipitation is the most variable compared to the winter, spring, and autumn precipitation through the trend analysis. It ranged from extremely dry (A6) to normal (A1 and A2) to extremely wet (A4). Climate teleconnections to the four archetypes for summer precipitation and relative importance of climate patterns were thus investigated. Results show that El Niño Southern Oscillation index is the strongest determinant of the ensuing archetypes representing the events with above average precipitation, while the Atlantic Multi-decadal Oscillation (AMO) contributes most to the events with below-average precipitation. A warm phase of the Pacific Decadal Oscillation (PDO) is significantly correlated with the above-average precipitation.
Introduction
The Yangtze River (also known as Changjiang) is the longest river in China, extending from the Tibetan Plateau to the East China Sea, about 6300 km long ( Figure 1 ). Its drainage area occupied one-fifth of China with one-third of the country's population. The basin climate is characterized by complex patterns of precipitation and subject to periodic flood and drought events throughout history [1, 2] . Precipitation variability both in space and time can impact the uneven distribution of water resources [3] , and the induced extreme events have caused severe economic losses and casualties [1, 4, 5] . For instances, 4,970,000 houses were flattened by the flood in 1998 occurring over the whole basin [6] . In addition, drought-flood abrupt alteration and continuous droughts that cross seasons are increasingly frequent over the Yangtze River Basin. The Chongqing city, which experienced a once-in-a-century drought in 2006, was hit by torrential rain in 2007. Consequently, analyzing the spatiotemporal variability of extreme precipitation events in the Yangtze River Basin is highly important. Many studies have investigated the characteristics of seasonal precipitation over the basin. Gemmer et al. [7] demonstrated that during the period of 1960-2004, the precipitation increased significantly in the lower Yangtze region in summer, while a statistically significant negative trend was found in September at the middle reach. The floods in July tend to be increasing in the lower reach, and drought events occurring in May, September, and October are more frequent in the middle reach. Jiang et al. [8] illustrated the changes in the monthly precipitation in spring and summer, and the precipitation from April to August can impose a direct influence on seasonal flood hazards. The above-average summer precipitation leads to more floods, and less autumn precipitation could result in more droughts [9] .
In addition to the inter-annual and intra-annual trend analyses, an increasing concern regarding climate modes has been aroused. The relationships between precipitation over East Asia and largescale climate patterns, such as the El Niño Southern Oscillation (ENSO), North Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), and Atlantic Multi-decadal Oscillation (AMO), were identified through the influence of atmospheric circulation [10] [11] [12] [13] [14] . However, the underlying dynamics are various for these teleconnections of climate patterns and the seasonal precipitation. For examples, according to Xiao, Zhang and Singh's [10] analysis, a negative PDO event can result in an increasing tendency of the spring precipitation over the Southwestern Yangtze River Basin, while the preceding positive ENSO events typically lead to a high intensity of precipitation in spring over the eastern basin. Therefore, these various physic-based climate patterns may aggravate extreme events in different regions and seasons. Understanding the conditions that lead to the extreme and rare precipitation events is of great importance.
Due to the large size of this basin (spanning more than 30° of longitude and 10° of latitude) and complex terrains (with elevation ranging from more than 5000 m at the region source to sea level at the estuary), the spatiotemporal variability of precipitation is important for analyses of extremes. Here, we used archetypal analysis (AA) to identify the spatiotemporal structure of seasonal extreme precipitation, similar to Steinschneider and Lall's [15] analysis. Unlike the principle component analysis (PCA), which is typically used for dimension reduction and analysis of the spatiotemporal variability of hydrological variables based on principle components through orthogonal transformation [16] , AA represents an individual in a dataset as a convex combination of pure Many studies have investigated the characteristics of seasonal precipitation over the basin. Gemmer et al. [7] demonstrated that during the period of 1960-2004, the precipitation increased significantly in the lower Yangtze region in summer, while a statistically significant negative trend was found in September at the middle reach. The floods in July tend to be increasing in the lower reach, and drought events occurring in May, September, and October are more frequent in the middle reach. Jiang et al. [8] illustrated the changes in the monthly precipitation in spring and summer, and the precipitation from April to August can impose a direct influence on seasonal flood hazards. The above-average summer precipitation leads to more floods, and less autumn precipitation could result in more droughts [9] .
In addition to the inter-annual and intra-annual trend analyses, an increasing concern regarding climate modes has been aroused. The relationships between precipitation over East Asia and large-scale climate patterns, such as the El Niño Southern Oscillation (ENSO), North Atlantic Oscillation (NAO), Pacific Decadal Oscillation (PDO), and Atlantic Multi-decadal Oscillation (AMO), were identified through the influence of atmospheric circulation [10] [11] [12] [13] [14] . However, the underlying dynamics are various for these teleconnections of climate patterns and the seasonal precipitation. For examples, according to Xiao, Zhang and Singh's [10] analysis, a negative PDO event can result in an increasing tendency of the spring precipitation over the Southwestern Yangtze River Basin, while the preceding positive ENSO events typically lead to a high intensity of precipitation in spring over the eastern basin. Therefore, these various physic-based climate patterns may aggravate extreme events in different regions and seasons. Understanding the conditions that lead to the extreme and rare precipitation events is of great importance.
Due to the large size of this basin (spanning more than 30 • of longitude and 10 • of latitude) and complex terrains (with elevation ranging from more than 5000 m at the region source to sea level at the estuary), the spatiotemporal variability of precipitation is important for analyses of extremes. Here, we used archetypal analysis (AA) to identify the spatiotemporal structure of seasonal extreme precipitation, similar to Steinschneider and Lall's [15] analysis. Unlike the principle component analysis (PCA), which is typically used for dimension reduction and analysis of the spatiotemporal variability of hydrological variables based on principle components through orthogonal transformation [16] , AA represents an individual in a dataset as a convex combination of pure patterns (i.e., archetypes) or, equivalently, the extremal points. Archetypal patterns represent a set of extremal points, thus making AA widely used for extreme event analysis. The decomposed archetypes are restricted to be a mixture of actual observations, which can ease their physical interpretability. AA has also been widely expanded into data analysis in many scientific research fields [17] [18] [19] [20] .
In order to analyze the spatiotemporal variability of seasonal extreme precipitation and the physical mechanisms that how the climate patterns influence the extreme precipitation, we seek to use the archetypal analysis to extract the extreme modes. The seasonal extreme modes will be used to address the following objectives:
(1) Analyze the spatiotemporal variability of extreme season-scale precipitation through the AA, and perform the trend analysis of the archetype occurrence; (2) Identify the most variable seasonal precipitation that more archetypes dominate; and (3) Discuss the underlying physical mechanisms of how the climate patterns influence the variability of the extreme precipitation.
Data Sources
The daily precipitation with less than 5% missing data at 136 precipitation stations ( Figure 1 ) over the entire Yangtze River Basin were obtained from China Meteorological Data Service Center (CMDC) [21] to perform the seasonal extreme precipitation variability at the basin-scale. The data period is from 1960 to 2014. The missing values at each specific precipitation station were interpolated by the average value of the two closest stations without missing values. The seasons are defined as following: winter from December to February; spring from March to May; summer from June to August, and autumn from September to November. Note that in the following, seasonal precipitation denotes the sum of daily precipitation in one season, while the seasonal extreme precipitation and extremal modes are the decomposed archetypes through the archetypal analysis (see next Section 3.1).
The relationships between the seasonal extreme precipitation over the Yangtze River Basin and modes of large-scale teleconnection patterns were investigated, including El Niño Southern Oscillation (ENSO) derived from the Extended Reconstructed Sea Surface Temperature (ERSST) version 4 [22] , North Atlantic Oscillation (NAO), Summer North Atlantic Oscillation (SNAO) [23] , Atlantic Multi-decadal Oscillation (AMO) [24] , Arctic Oscillation (AO) derived from the sea-level pressure, Pacific Decadal Oscillation (PDO) [25] . Three-month moving averages were applied to the climate variables. All the climate datasets used in this study can be accessed from the KNMI Climate Explorer [26] .
Methodology

Spatiotemporal Modes of Seasonal Extreme Precipitation
The archetypal analysis (AA) was applied here to extract the extremely spatiotemporal modes of seasonal precipitation over the Yangtze River Basin. Through the AA, each time-based observation can be represented as a convex combination of a limited number of archetypes, and each archetype is restricted to be mixtures of the original data [27] [28] [29] . The archetypes can be interpreted as a "pure type" of actual values, or be characterized as extremal spatial patterns (i.e., the data points on the boundary of convex hull of the data set). Stone and Cutler [28] showed that AA is better than the PCA at analyzing the extreme events that are infrequent. Steinschneider and Lall [15] also demonstrated the advantages through its application in investigating spatiotemporal variability of summer daily precipitation over the Eastern United States.
The AA decomposes the dataset in a similar way as the PCA, but with different underlying constraints to find the best approximations to the observations. Given an m × n matrix X = {x 1,1 , . . . ,x m,n }, where n is the number of observations and m is the number of precipitation stations, there exists p m-dimensional vectors z 1 , z 2 , . . . z p under the following constraints (Equations (1) and (2)), such that the mean squared error ε p (x i −x i ) 2 , with angle bracket denoting the mean, is minimized:
where the n vector β k contains the convex weights for the k-th archetype z k across all observations. The decomposed archetype z k is characterized as "archetypal patterns" of observations, and represents the seasonal extreme precipitation.x i is the approximation to the observation x i . The α k,i can be considered as a time series of coefficients, which is a projection of the data X onto the k-th archetype z k , in the same way to PC scores in PCA. It is also referred to as the mixture coefficients. The archetypes Z = z 1 , . . . , z p are convex combinations of the data X when p > 1 and, thus, the archetypes are either actual observations or convex mixtures of the observations [27] . Here, to perform the trend analysis and clearly present the result in Section 3.2, we firstly define the archetype that represents the event with minimum precipitation as null archetype and assign it with z p [15] . Cutler and Breiman [27] noted that vectors z 1 , . . . z p are not orthonormal and have no natural nesting structure, which is different from the PCA. This means that if one changes the p to p + 1, the archetypes are not necessarily the same as those identified previously. The p for data X in AA should be optimized to minimize the RSS = //X − XBA//, with B = β 1 , . . .
where RSS is the residual sum of square errors and · is the spectral norm.
Note that the above algorithm converges in all cases but not necessarily to be a global minimum [27] . Therefore, it should be started with different initial values several times to obtain a global optimum. The algorithm was executed in R using the package "archetypes" by Eugster and Leisch [30] .
Trend Analysis of the Archetype Occurrence
To explore the seasonal variations and inter-annual trend of the archetypes, we defined the matrix A of mixture coefficients rather than B as the temporal variability of archetypal patterns of the seasonal precipitation [15] . Although the matrix B also contains the time series of length n, it describes which day is characterized best by one particular pure archetypal pattern. Thus, the time series of the k-th column of B may miss the day when an archetype is active if another archetype is also active, and does not represent how dominant each archetype is in any given days.
We focused our interest on which archetype is the dominant one in a season during 1960-2014. Each season was firstly categorized as being dominated by one single, discrete archetype, rather than being featured by a series of α i,k that represents the relative strength of the k-th archetype in the i-th season. According to Steinschneider and Lall's [15] analysis, even if in one season when there is an archetype being active, α i,k for the null archetype may still be very large. Hence, the values of α i,k with k ∈ {1, . . . , p − 1} are compared in one season across the k archetypes, excluding the null archetype which has a minimum value of total precipitation in that season. In this study, we selected the threshold of 0.4 for α i,k , similar to that in Steinschneider and Lall's [15] analysis, to ensure that the archetype is indeed active. While in the case that none of the archetypes can reach this line, we assigned the null archetype to that season as a dominant one. Consequently, we can identify the season in which more archetypes dominate the precipitation, indicating high temporal variability of the extreme precipitation modes.
In order to visualize the trend of the dominant archetype for each season across years, we applied a smoothing method, which is termed as locally-weighted scatterplot smoothing, to produce a smoothly varying estimate [31] . For each discrete archetype in one season within one year, the probability of the occurrence was fitted using low-degree polynomial regression for the subset of data near this point. The smoothing model is fitted using weighted least squares, giving more weight to points near the point x i,j , whose response is being estimated, while giving less weight to points further away.
Climate Teleconnections to the Extreme Precipitation
The relationship between the decomposed archetypes and climate patterns was investigated to explore the physical mechanism of the climate-induced extremes. To identify the climate patterns that are significantly correlated with one archetype, we calculated the averages of seasonal coefficients within one year to represent the averaged extremes, and aggregated the climate indices into three-month averaged variables. The extremes of seasonal precipitation lag the climate patterns from one to twelve months.
The linear regression method was used to assess the relative importance of the explanatory variables (i.e., the identified climate patterns) for the target variables (i.e., archetypal patterns of seasonal extreme precipitation). The relative importance is defined as the quantification of an individual explanatory variable's contribution to a target variable in the linear equation. For the uncorrelated explanatory variables, this is simply computed through the R 2 from univariate regression, and the full model's R 2 is the sum of all univariate R 2 . Thus, each explanatory variable's contribution is the ratio of univariate R 2 to the full model's R 2 [32] . However, for the climate patterns, there is likely a high correlation among them, and this method should not work. Here, we applied an "LMG" method proposed by Lindeman et al. [33] (implemented with the R package "relaimpo" by Grömping [32] ). This considers one individual explanatory variable's effect while combining with the other variables. It allows the correlated explanatory variables to benefit from each other's shares, and can be seen as a way to take care of the uncertainty of information regarding the true underlying structure. The approach is based on a sequential R 2 , but take cares of the dependence on orderings by averaging over orderings using simple unweighted averages. We would like to direct readers to [32] and therein for a detailed mathematical formulation.
The underlying physical dynamics of the variability of extreme precipitation are analyzed and discussed.
Results and Discussion
Archetypal Analysis of the Seasonal Precipitation
We firstly apply the AA to the centered and scaled observations. Figure 2 shows a scree plot that is used to select the appropriate number of archetypes to minimize the RSS to a sufficiently small level and be a global optimum. The curve shows a strong break at p = 3 and a weak break at p = 6. However, we would like to note that a relatively large number of archetypes are needed, suggesting the extreme precipitation is highly variable. Therefore, we will keep six archetypes to analyze the spatiotemporal variability of the seasonal extreme precipitation.
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Results and Discussion
Archetypal Analysis of the Seasonal Precipitation
We firstly apply the AA to the centered and scaled observations. Figure 2 shows a scree plot that is used to select the appropriate number of archetypes to minimize the RSS to a sufficiently small level and be a global optimum. The curve shows a strong break at p = 3 and a weak break at p = 6. However, we would like to note that a relatively large number of archetypes are needed, suggesting the extreme precipitation is highly variable. Therefore, we will keep six archetypes to analyze the spatiotemporal variability of the seasonal extreme precipitation. The maximum number of archetypes is initially set as 16 and eight chains were set to run to obtain a global optimum. We used the non-interference-based "elbow criterion" on the RSS curve to select the appropriate number of archetypes. The maximum number of archetypes is initially set as 16 and eight chains were set to run to obtain a global optimum. We used the non-interference-based "elbow criterion" on the RSS curve to select the appropriate number of archetypes.
We present a simplex plot [34] (Figure 3 ) of the total average observed seasonal precipitation over the Yangtze River Basin to identify what precipitation that each archetype can represent. The stochastic nature of mixture coefficient α k implies that they exist on a standard p − 1 (i.e., 6 for p) simplex with p archetype as the corner, and coefficients as the coordinate with respect to these corners. These data were projected into two dimensions by a skew orthogonal transformation and all the vertices of the simplex plot are shown on a circle connected by edges. Observed precipitation with similar spatial patterns to one archetype will appear closer to the corresponding vertex. This plot provides a visual measure of the frequency of each archetype. The archetypes are notated as Ak for the k-th archetypal pattern.
We present a simplex plot [34] (Figure 3 ) of the total average observed seasonal precipitation over the Yangtze River Basin to identify what precipitation that each archetype can represent. The stochastic nature of mixture coefficient α k implies that they exist on a standard p − 1 (i.e., 6 for p) simplex with p archetype as the corner, and coefficients as the coordinate with respect to these corners. These data were projected into two dimensions by a skew orthogonal transformation and all the vertices of the simplex plot are shown on a circle connected by edges. Observed precipitation with similar spatial patterns to one archetype will appear closer to the corresponding vertex. This plot provides a visual measure of the frequency of each archetype. The archetypes are notated as Ak for the k-th archetypal pattern. Due to there being no natural orderings to the archetypes, we artificially assign the p (i.e., 6) to the archetype with smallest values and termed as the null archetype (i.e., A6). It is associated with dry air conditions or the East Asia winter monsoon with less water vapor [35] . The data points close to one vertex denote that the corresponding archetype dominates the spatial pattern on that day over the entire basin. We can find that the data points around A5 are more concentrated while, along with a wide range of values, suggesting that this seasonal extreme precipitation pattern is temporally more variable compared to others. The data concentration is possibly due to the observed precipitation being derived from the same climate events or occurring in the same season. A4 is the archetypal pattern with the least number of data points, but with the largest value of 671 mm, denoting the particularly rare and extreme mode relating to the above average and intensive precipitation. Thus, this archetypal pattern tended to lead a flood event over the Yangtze River Basin which may cause very large economic losses and human causalities (e.g., the flood event in 1998 [5, 6] ). The precipitation around A1 and A2 is spread more evenly across the archetypes indicating the mostly common modes, which represent the median precipitation from regular climate events, such as seasonal monsoons without extremely serious or persistent droughts. The relatively small precipitation shrinks to A3 and extends towards the null archetype A6.
The six spatial patterns for archetypes are shown in Figure 4 to highlight their similarities and differences. However, loadings for archetypes do not mean the relative weights of each archetype for Due to there being no natural orderings to the archetypes, we artificially assign the p (i.e., 6) to the archetype with smallest values and termed as the null archetype (i.e., A6). It is associated with dry air conditions or the East Asia winter monsoon with less water vapor [35] . The data points close to one vertex denote that the corresponding archetype dominates the spatial pattern on that day over the entire basin. We can find that the data points around A5 are more concentrated while, along with a wide range of values, suggesting that this seasonal extreme precipitation pattern is temporally more variable compared to others. The data concentration is possibly due to the observed precipitation being derived from the same climate events or occurring in the same season. A4 is the archetypal pattern with the least number of data points, but with the largest value of 671 mm, denoting the particularly rare and extreme mode relating to the above average and intensive precipitation. Thus, this archetypal pattern tended to lead a flood event over the Yangtze River Basin which may cause very large economic losses and human causalities (e.g., the flood event in 1998 [5, 6] ). The precipitation around A1 and A2 is spread more evenly across the archetypes indicating the mostly common modes, which represent the median precipitation from regular climate events, such as seasonal monsoons without extremely serious or persistent droughts. The relatively small precipitation shrinks to A3 and extends towards the null archetype A6.
The six spatial patterns for archetypes are shown in Figure 4 to highlight their similarities and differences. However, loadings for archetypes do not mean the relative weights of each archetype for the observations. This can be interpreted as how much each archetype contributes to the precipitation for each individual station.
Water 2017, 9, 873 7 of 14 the observations. This can be interpreted as how much each archetype contributes to the precipitation for each individual station. A1 and A2 present the mostly common archetypes over the basin, and they exhibit a similar spatial pattern of extremes with closer values, even though in some parts they both show a small loading value. The central part of the A1 pattern and southeastern part of the A2 pattern show a weaker loading value than the other region. We can also see that the loadings of A4 are high across all stations over the Yangtze River Basin, which indicates that some large-scale extreme climate events have a wide influence on the whole basin (e.g., the continuous precipitation in the wet season over the region in 1998). On the other hand, A6 represents individuals which are small in loadings and associated with little total or no precipitation. This represents the whole basin was experiencing a period of dry conditions, such as a drought in East Asia relating to the La Niña events [2] , and little total precipitation in winter [8] . A3 and A5 reflect the difference between the Western and Eastern Yangtze River Basin, but this difference is opposite for the two archetypes. A3 extends from the southeastern part with less precipitation to the northern part with large precipitation, while A5 dominates the southeastern basin with above-average precipitation, and westward with belowaverage precipitation. It is likely due to the southeastern part being impacted by the atmospheric circulation from the Pacific, while the western basin is subject to the monsoon from the Indian Ocean.
Trend Analysis of the Archetype Occurrence
To explore the seasonal variations and inter-annual trend of archetypes, we show the dominant archetypes for each season within one year in Figure 5 . The blank area in the figure denotes the null archetype associated with little total or no precipitation for that season. We can see that the winter is the mostly common season with null cases, except in 1998. This is due to the basin being dominated by the East Asia winter monsoon with less water vapor compared to other seasons [35] . During 1997-1998, the El Niño event had a lagged influence on the climate variability over the Yangtze River Basin, A1 and A2 present the mostly common archetypes over the basin, and they exhibit a similar spatial pattern of extremes with closer values, even though in some parts they both show a small loading value. The central part of the A1 pattern and southeastern part of the A2 pattern show a weaker loading value than the other region. We can also see that the loadings of A4 are high across all stations over the Yangtze River Basin, which indicates that some large-scale extreme climate events have a wide influence on the whole basin (e.g., the continuous precipitation in the wet season over the region in 1998). On the other hand, A6 represents individuals which are small in loadings and associated with little total or no precipitation. This represents the whole basin was experiencing a period of dry conditions, such as a drought in East Asia relating to the La Niña events [2] , and little total precipitation in winter [8] . A3 and A5 reflect the difference between the Western and Eastern Yangtze River Basin, but this difference is opposite for the two archetypes. A3 extends from the southeastern part with less precipitation to the northern part with large precipitation, while A5 dominates the southeastern basin with above-average precipitation, and westward with below-average precipitation. It is likely due to the southeastern part being impacted by the atmospheric circulation from the Pacific, while the western basin is subject to the monsoon from the Indian Ocean.
To explore the seasonal variations and inter-annual trend of archetypes, we show the dominant archetypes for each season within one year in Figure 5 . The blank area in the figure denotes the null archetype associated with little total or no precipitation for that season. We can see that the winter is the mostly common season with null cases, except in 1998. This is due to the basin being dominated by the East Asia winter monsoon with less water vapor compared to other seasons [35] . During 1997-1998, the El Niño event had a lagged influence on the climate variability over the Yangtze River Basin, resulting in much more precipitation in winter [5, 6, 36] . The A5 prevails in spring during the whole period of 1960-2014. In the recent decade, because of the frequent occurrence of drought events (e.g., the years of 2007 and 2011 [37] ), we can observe a couple of null archetypes. The periodic A6 and A3 dominate the below-average precipitation in autumn. In summary, the winter (A6-dry) and spring (A5-variable) consist almost entirely of a single archetype, and even autumn is made up of the two driest archetypes (A3 and A6), whereas summer precipitation can range from extremely dry (A6) to normal (A1 and A2) to extremely wet (A4). Thus, understanding what makes summer precipitation so variable is important. resulting in much more precipitation in winter [5, 6, 36] . The A5 prevails in spring during the whole period of 1960-2014. In the recent decade, because of the frequent occurrence of drought events (e.g., the years of 2007 and 2011 [37] ), we can observe a couple of null archetypes. The periodic A6 and A3 dominate the below-average precipitation in autumn. In summary, the winter (A6-dry) and spring (A5-variable) consist almost entirely of a single archetype, and even autumn is made up of the two driest archetypes (A3 and A6), whereas summer precipitation can range from extremely dry (A6) to normal (A1 and A2) to extremely wet (A4). Thus, understanding what makes summer precipitation so variable is important. The probability of one discrete archetype occurrence in each season within one year is shown in Figure 6 . Here, we focused on the frequency of the archetype occurrence in summer. A1 tended to be more frequent in summer before 1990, while A2 started to dominate the summer precipitation after 1990. This may be associated with the shift of the location of the El Niño developing phase from the Eastern Pacific to the Central Pacific since the early 1990s. Yu et al. [38] pointed out that the reason for this shift is possibly from the influence of AMO. A4 represents the events with particularly rare and extremely heavy precipitation in one season, which mainly occurred in the years around 2000 (e.g., the serious storm and flood in 1998 because of the infrequent El Niño occurrence [5, 6, 36] ). The result is also consistent with the result of the dominant archetype analysis. A6 represents the events with below average or no precipitation, which are associated with the East Asia winter monsoon with the Siberian High bringing less moisture [35, 39] . The precipitation falling in winter is far less than that in other seasons. Therefore, the probability of A6 occurrence is stable with a high value in winter during the whole period of 1960-2014. The probability of one discrete archetype occurrence in each season within one year is shown in Figure 6 . Here, we focused on the frequency of the archetype occurrence in summer. A1 tended to be more frequent in summer before 1990, while A2 started to dominate the summer precipitation after 1990. This may be associated with the shift of the location of the El Niño developing phase from the Eastern Pacific to the Central Pacific since the early 1990s. Yu et al. [38] pointed out that the reason for this shift is possibly from the influence of AMO. A4 represents the events with particularly rare and extremely heavy precipitation in one season, which mainly occurred in the years around 2000 (e.g., the serious storm and flood in 1998 because of the infrequent El Niño occurrence [5, 6, 36] ). The result is also consistent with the result of the dominant archetype analysis. A6 represents the events with below average or no precipitation, which are associated with the East Asia winter monsoon with the Siberian High bringing less moisture [35, 39] . The precipitation falling in winter is far less than that in other seasons. Therefore, the probability of A6 occurrence is stable with a high value in winter during the whole period of 1960-2014. 
Climate Teleconnections to the Archetypes of Summer Precipitation
We identified five climate patterns that were connected to the summer archetypes. Correlations of climate patterns and archetypes are shown in Table 1 . For both A1 and A6, AMO shows positive correlations, while Niño4 is negatively correlated with them. Niño12 is negatively correlated with A1, while a strongly positive correlation with A4 was found, indicating Niño12 is likely to promote the occurrence of extremely heavy precipitation during summer. Niño3.4 is the only climate pattern that is significantly correlated with A2. In addition to Niño12 and Niño4 being positively correlated with the extremely wet pattern (A4), PDO is another large-scale climate pattern relating to the aboveaverage precipitation. To quantitatively evaluate the relative importance of each climate pattern for the archetypes, we applied linear regression models to decompose the R 2 into shares from the individual climate pattern. However, in the field of climate science, the indices are typically correlated. Therefore, we performed the further analysis considering these correlations to assess the relative importance, and presented the result in Figure 7 . 
We identified five climate patterns that were connected to the summer archetypes. Correlations of climate patterns and archetypes are shown in Table 1 . For both A1 and A6, AMO shows positive correlations, while Niño4 is negatively correlated with them. Niño12 is negatively correlated with A1, while a strongly positive correlation with A4 was found, indicating Niño12 is likely to promote the occurrence of extremely heavy precipitation during summer. Niño3.4 is the only climate pattern that is significantly correlated with A2. In addition to Niño12 and Niño4 being positively correlated with the extremely wet pattern (A4), PDO is another large-scale climate pattern relating to the above-average precipitation. To quantitatively evaluate the relative importance of each climate pattern for the archetypes, we applied linear regression models to decompose the R 2 into shares from the individual climate pattern. However, in the field of climate science, the indices are typically correlated. Therefore, we performed the further analysis considering these correlations to assess the relative importance, and presented the result in Figure 7 . The strongest determinant of the ensuing A1 is Niño4, which is consistent with the strong correlation of Niño4 and A1. Niño12 and AMO rank the second and third place, respectively. For the archetype A2, with which only one climate pattern was identified to be significantly correlated (i.e., Niño3.4), we consider Niño3.4 as the dominant driving factor with a value of 1.0 denoting the relative importance. For the archetype A4, we can see the largest contribution is from Niño12, which occurred in the Eastern Pacific Ocean and is associated with the ENSO events. For the null archetype A6, which represents the events with below-average precipitation, AMO contributes most to the droughts. In general, the ENSO indices including Niño12, Niño3.4, and Niño4 are connected to the archetypes representing the events with above average precipitation (e.g., A1, A2, and A4), while AMO can contribute much to the events with below average precipitation (e.g., A6).
Discussion of the Physical Mechanisms for Climate Teleconnections to the Extreme Precipitation during Summer
The identified AMO, which is defined by Schlesinger and Ramankutty [40] , typically refers to multi-decadal variations of SST in the North Atlantic. Si and Ding [41] illustrated that a warm (cold) phase of AMO can usually cause the anomalous high (low) SST over the North Pacific center through AMO-Northern Hemisphere teleconnection, and this may induce a cold (warm) phase of pseudo-PDO, which leads to negative (positive) precipitation anomalies over the Yangtze River Basin. In addition, Qian et al. [42] demonstrated that China's drought events tend to be more controlled by AMO than the condition in the Pacific Ocean, especially since the early 1990s, which is linked to the influence of global warming. Thus, the AMO should be considered as a strong determinant of events with below average precipitation over the Yangtze River Basin. This is consistent with our analysis result in Section 4.3 that AMO contributes much to the events with below average precipitation.
We also investigated the correlations of the summer archetypes and the four ENSO indices (Niño12, 3, 3.4, and 4, corresponding to different regions from the east to the west in the tropical Pacific) [43] . Niño3.4 is the most commonly used index to define the El Niño of a warm phase and La Niña events of a cold phase. The others are used to characterize the unique nature of each event. During the phase of El Niño events, the trade winds over the Pacific blow from east to west across the Central Pacific along the equator. Sea level falls in the Western Pacific and rises in the east as warm water flows eastward [43] . This phenomenon results in warmer sea surface temperature and The strongest determinant of the ensuing A1 is Niño4, which is consistent with the strong correlation of Niño4 and A1. Niño12 and AMO rank the second and third place, respectively. For the archetype A2, with which only one climate pattern was identified to be significantly correlated (i.e., Niño3.4), we consider Niño3.4 as the dominant driving factor with a value of 1.0 denoting the relative importance. For the archetype A4, we can see the largest contribution is from Niño12, which occurred in the Eastern Pacific Ocean and is associated with the ENSO events. For the null archetype A6, which represents the events with below-average precipitation, AMO contributes most to the droughts. In general, the ENSO indices including Niño12, Niño3.4, and Niño4 are connected to the archetypes representing the events with above average precipitation (e.g., A1, A2, and A4), while AMO can contribute much to the events with below average precipitation (e.g., A6).
We also investigated the correlations of the summer archetypes and the four ENSO indices (Niño12, 3, 3.4, and 4, corresponding to different regions from the east to the west in the tropical Pacific) [43] . Niño3.4 is the most commonly used index to define the El Niño of a warm phase and La Niña events of a cold phase. The others are used to characterize the unique nature of each event. During the phase of El Niño events, the trade winds over the Pacific blow from east to west across the Central Pacific along the equator. Sea level falls in the Western Pacific and rises in the east as warm water flows eastward [43] . This phenomenon results in warmer sea surface temperature and moistens the overlying air, which may further alter the normal precipitation patterns. The dynamic for La Niña events is opposite to El Niño events. Jiang et al. [2] showed that over the middle and lower reaches of the Yangtze River Basin, floods are significantly correlated with the El Niño events, while droughts have a close relationship with the La Niña events. The relationships are reversed over the upper basin. Likewise, Guo et al. [44] note that the Niño3.4 sea surface temperature has a lagged influence on the variation in lakes in East Asia. Here, we can observe that different archetypes are correlated with various Niño indices, suggesting that the extremal patterns are induced by different characteristics of the ENSO events.
In the developing stage of El Niño events (i.e., the occurrence of abnormal SST in the Niño12 region), a precipitation belt extends into the Yangtze River Basin, resulting in much precipitation. However, in the decaying stage of El Niño events (i.e., the occurrence of abnormal SST in the Niño4 region), not as much precipitation as in developing stages emerges over the basin [45] . During the La Niña events, the scenarios of precipitation are expected to exhibit opposite anomalies. Chen [45] illustrated that the La Niña events are not influential on the East Asia monsoon as the El Niño events. It is also demonstrated that if the El Niño event develops in autumn and winter, the precipitation in the following summer tends to be greater over the basin (e.g., Niño12 for A4) while, if it develops in spring and summer, it tends to be less there (e.g., Niño4 for A1 with a negative correlation). This is consistent with our result that the ENSO events contribute much more to the archetypes which denote above-average precipitation.
Many studies have shown the relationship between the East Asia precipitation and PDO, demonstrating that the warm phase of PDO is helpful to lead the positive precipitation anomalies in East China for the period of the 1960s-2010s [41] . Related to PDO, the warmer sea surface temperature over the Northwest Pacific Ocean and offshore China likely reduces the land-sea thermal contrast between the Yangtze River Basin and the Pacific Ocean, eventually causing a weaker East Asian summer monsoon. However, a weaker summer monsoon typically results in positive precipitation anomalies over the Yangtze River Basin [46] . This is consistent with our result that a significant correlation of PDO and A4 was found.
Conclusions
This study examined the potential to use archetypal analysis to explore the spatiotemporal variability of seasonal extreme precipitation over the Yangtze River Basin. The associations of large-scale climate patterns with archetypes that dominate the summer precipitation were investigated and discussed. The main conclusions can be summarized as follows:
(1) The AA approach enables the observations to be convex combined with a limited set of archetypes and can be interpreted as "pure archetypes" or characteristic extremal spatial patterns. Six archetypes were identified in this study, and they denote the different season-scale precipitation events ranging from extremely dry (A6) to normal (A3, A5, A1, and A2) to extremely wet (A4). However, AA is not without problems, and there is no guarantee for the optimum number of archetypes to be found, hence, several iterations are chosen to run the algorithm to obtain a global optimum. Another is that the method of determining the appropriate number of archetypes is used by the non-interference based "elbow criterion" on the RSS curve, but this can give us a relatively reasonable number.
(2) The trend analysis showed that the winter (A6-dry) and spring (A5-variable) precipitation consist of almost entirely a single archetype. Even autumn precipitation is made up of the two driest archetypes (A3 and A6), whereas summer precipitation can range from extremely dry (A6) to normal (A1 and A2) to extremely wet (A4). The probability of the archetype occurrence revealed that A1 and A2 dominate the summer precipitation before and after 1990, respectively. The archetype A4 relating to the extremely much precipitation in one season mainly occurred around 2000, while A6 occurrence is stable with a high value in winter during the whole period of 1960-2014. This enables us to better understand the trend of future extreme precipitation events mixed by the archetypes.
(3) The climate teleconnections to archetypes of summer precipitation were investigated, and the relative importance of each climate pattern was analyzed. The results showed that five large-scale climate patterns were associated with the extreme modes of summer precipitation. ENSO indices including Niño12, Niño3.4, and Niño4 are connected to the archetypes that represent the events with above-average precipitation (e.g., Niño12 for A4), while AMO can contribute much to the events with below-average precipitation (e.g., AMO for A6). A warm phase of PDO is likely to lead the positive precipitation anomalies in summer.
Much research is directed towards a further analysis of the relationship between the spatiotemporal patterns of extreme precipitation and the flood/drought events over different parts of the Yangtze River Basin. In this paper, we used the archetypal analysis to extract the extremal patterns of seasonal precipitation, with the interesting application of discerning the underlying climate dynamics, and both intra-annual and inter-annual trends of dominant archetypes. Thus, the approach demonstrated here allows one to know well the spatiotemporal distribution of climate-induced variation of hydrological variables, such as the high flow and low flow in the Yangtze River, and discriminate the changes induced by the rare and extreme events.
